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Abstract 
The importance to recognize a learner’s Learning Style (LS) is ever-essential as to substantiate success in a teaching and learning 
process. At the same time, the learner’s IQ and personality traits such as Stress also being actively investigated in educational 
research as educationists consistently attempted to understand learners in a more adept way.  Nevertheless, the effort was usually 
confined to psychoanalysis test.  With the emergence of Electroencephalography (EEG) technology, learner’s brain 
characteristics could be accessed directly and the outcome may well hand-in-hand supported the conventional test.  In this study, 
the participants (n= 80) are grouped to the LS of Diverger, Assimilator, Converger or Accommodator using the Kolb’s Learning 
Style Inventory (KLSI).  Subsequently, their brain signals were then recorded using EEG at resting baseline state of Open Eyes 
and Closed Eyes.  A statistical tool of SPSS 16 was used for data analysis purposes. Using the Two Step Cluster analysis, the 
participants’ EEG datasets were 100% classified to the corresponding LS.  Then, EEG Alpha band was selected to link between 
LS, IQ and Stress. The study concluded that Diverger is the LS with highest IQ while Converger and Diverger are the LS that 
prone to Stress.   
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1. Introduction  
1.1 Learning Style 
 
The consequences of academic accomplishment had been broadened from the confined scope of intelligence and 
prior academic achievement per say.  In fact, there are several learning-associated concepts, such as perception of 
academic control and academic motivation which need to be considered when discoursing about academic 
excellence (Cassidy & Eachus, 2000).   One of the important concepts which had brought a valuable perceptive into 
learning is Learning Style (LS).  LS refers to the concept that individual differ in regard to what mode of instruction 
or study is most effective for them (Kolb, 1984). LS also understood as the process by which a person gaining 
knowledge or skills by understanding and retaining information (Adesunloye et al., 2008).  Educational research and 
practice have demonstrated that learning can be enhanced when the instructional process accommodates the various 
learning styles of students (Buch, 2002). In addition, it has been mutually agreed that a learner inclination towards a 
learning situation could impact their academic performance outcomes.  The significant of LS had been generally 
accepted in which a vast number of study had been conducted in the area resulted in diversity of definitions, 
theoretical positions, model, interpretations and measurement of the construct (Cassiday, 2004).   
In order to detect LS, a Learning Style Inventory (LSI) and similar instruments have been commonly used to 
serve the purpose (Syed Khuzzan, 2009). It was back to the 1960s and 1970s which saw the number of instruments 
to appraise LS started to bloom. While there are now quite a number of mainstream LSI, yet some of them have 
been subjected to academic debate with the validity issue is the main concerned (DeBello, 1990; Buch, 2002; Syed 
Khuzzan, 2009).  In order to ascertain the appropriateness of such LS, DeBello (1990) had ultimately came out with 
three main questions : (1)  Is the model and instrument reliable and valid? (2) Is there widespread practitioners use? 
(3) Is there extensive research behind the models?  
De Bello’s questions had given a good condition for any LSI selection.  As such, the authors had decided to use 
Kolb’s Learning Style Inventory (KLSI) as the instrument for this study. 
 
 
1.2 Electroencephalogram (EEG) technology 
 
The EEG is defined as electrical activity of an alternating type recorded from the scalp surface after being picked 
up by metal electrodes and conductive media (Teplan, 2002).  The common classification of EEG frequency is listed 
by (Basar, 1999) as follows: Delta waves at 0.5 to 4 Hz with variable amplitude are closely linked to deep sleep.  
Theta waves which arise from emotional frustration or disappointment ranged at 4 to 8 Hz.  The frequency of Alpha 
wave is set in the range of 8 to 13 Hz. Alpha is the most dominant wave in the brain region which linked to relaxed 
awareness, reflecting and inattention.  Beta waves exhibit at the range of 13 to 30 Hz and are always associated to 
active thinking, alert and busy state. Meanwhile Gamma waves have the highest frequency range of 30 to 40 Hz. 
The utilization of EEG technology to record brain signals had been prolifically beneficial in the success of 
several researches conducted with regards to learning with multi-scope backgrounds such as IQ, Stress, vigilance, 
affective, creativity and attention level (Clarke et al., 2006; Srinivasan, 2006; Tran et al., 2006; Hamadicharef et al., 
2009; Shi et al., 2008; Xiowei et al., 2009).   
 
 
1.3 IQ and Stress 
 
 The IQ-related research towards learning were conducted extensively encompassing diversity issues such as 
academic achievement (Mayes et al., 2009), learning disabilities (Williams, et al., 2008) and neurodevelopment 
disorders(Dennis et al., 2009).  Nevertheless, as reported by Borland (2005), the IQ measurement effort was always 
confined to the purely normative IQ score.  With the emergence of EEG technology, an effort to bridge directly 
between brain and IQ had gain momentum.  Giannitrapani (1966, 1985) was one of the pioneer in finding the 
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relationship between EEG and IQ. Several theories explaining the same niche had been carried out over the years 
which touched among other on Creativity and Intelligence (Jausovec & Jausovec, 2000),  Low-IQ children (Clarke 
et al., 2006), Cognitive processing (Ratcliff et al., 2008), Neuroscience of Creativity (Srinivasan, 2006), IQ indexing 
(Lias et al., 2010) and Relaxation (Mohd. Aris et al.,2010a). Jausovec and Jausovec (2000) had stated that high IQ 
and creativity students showed lower alpha power (greater mental activity) compared to the average students in a 
relaxed state. 
Meanwhile, Stress is occurred emotionally, mentally or physically as human resisted towards challenges or 
Stressors (Sulaiman et al,, 2010; Sulaiman et al., 2011). A studies had clarified that learning and memory abilities 
are affected by Stress (Shors, 2006) and several studies have shown that Stress stimulated by and in confine related 
with a learning task (de Kloet et al., 199).   
 In this study, EEG was used to determine the LS which prone to Stress using the dataset taken from frontal 
hemispheric part of the brain namely left prefrontal hemisphere (LFH) and right prefrontal hemisphere (RFH) 
(Lewis, Weekes & Wang, 2007).  The EEG hemispheric dataset was calculated using Asymmetry Relation Ratio 
formula (Ilona & Gunter, 2003; Niemec & Lithgow, 2005). Stress was commonly found when there was greater 
activity in RFH and the most investigated EEG band was the Alpha band frequency as reported by Lewis, Weekes 
and Wang (2007).  Based on the literature mentioned above, the authors had decided to focus on EEG Alpha band to 
find the correlation between LS, IQ and Stress. 
 
 
1.4 Purpose of the study 
 
The purpose of this study was to classify the participants’ (n=80) LS.  Then, the study extended on finding the 
correlation between the LS towards IQ and Stress using Alpha band EEG dataset.  In order to classify the learner to 
their respective LS, the authors had adopted both psychoanalysis test and brain signal processing. For 
psychoanalysis test the KLSI had been used while for the latter approach,  EEG technology was deployed to obtain 
the brain frequency dataset.  In short, the authors are focusing on: (1) classifying the LS (2)  finding the LS with 
highest IQ and (3) finding the LS which is prone to Stress.  Collectively, this study underlined an important 
principle of acknowledging the learners attribute of LS, IQ and Stress which could contribute as a good insight for 
those concerned to understand the learner better hence permitted a positive input to the teaching and learning 
process.  
 
2. Method 
2.1 Participants  
 
The sample consisted of 80 students from Sultan Idris Education University, Malaysia.  There were selected on a 
voluntarily basis among first year university students. A pre-session briefing was imparted to attain their adept 
perception on the research’s scope and activities.  
 
 
2.2 Learning style classification using KLSI 
 
The Kolb concept of LS chosen for this study is based on a model of experiential learning.  Kolb (1984) proposed 
that learning consists of four interdependent constructs: (1) Concrete experience (CE) involves using direct 
experience, feelings and emotions to engage with the world; (2) Reflective observation (RO) involves looking back 
on extant experience, recollecting details of the experience and gathering new information about the experience; (3) 
Abstract conceptualization (AC) involves creating meaning out of the experience and creating plans to guide future 
actions; (4) Active experimentation (AE) involves testing the plan by putting it into action. Kolb (1984) 
hypothesized that these four constructs involved two bi-polar dimensions: an information-gathering dimension 
which consists of the combination of CE versus AC and an information-processing dimension which consists of a 
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combination of RO versus AE. Kolb identifies 4 unique learning styles which emerge from the combination of 
learning dimensions of Diverger (CE and RO), Assimilator (RO and AC) , Converger (AC and AE) and 
Accommodator  (AE and CE). The latest KLSI version 3.1 by Kolb & Kolb (2005) included new normative data 
based on improved number, more variety and representative participants of 6977 LSI users.  KLSI had a format of 
brief questionnaire of 12 items that asks participants to rank four sentence endings that correspond to the four 
learning modes.  
 
 
2.3 EEG Data Acquisition 
 
The whole process of EEG data acquisition is carried using MindPeak’s WaveRider instrument.  Participants are 
connected to the instrument through electrodes (see Figure 1). The brain signal then be recorded in the computer 
notebook using a direct USB input from the instrument using  the “WaveWare” version 2.5 software.  The software 
configuration allows segregated recording of the brainwaves bands from both sides of the participant’s scalp (Abdul 
Rashid et al., 2010).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.  1.  EEG setting using WaveRider (Purcell, J., 1997-2004). 
 
Adopting the same methodology outlined by Sulaiman et al. (2011), the EEG data from RFH and LFH channels 
were analyzed off-lined. The eye movements and blinks artifacts were removed by setting threshold values of 100 
ȝ9  The EEG data were filtered using band pass filter set from 0.5 Hz to 30 Hz to produce common EEG frequency 
bands of Delta (0.5 – 4 Hz), Theta (4 – 8 Hz), Alpha (8 – 13 Hz) and Beta (13 – 30 Hz).  The 1024 length Fast 
Fourier Transform (FFT) with Hamming window set to 256 with 50% overlapping was applied to calculate the 
power of each EEG frequency band. Finally, the Energy Spectral Density (ESD) computed by dividing the area of 
Spectral Power Density curve with frequency range of each band. In the experiment, each participant will be put 
through a twice 5 minutes (300 seconds) sessions where they are place into resting condition of Open Eyes and 
Close Eyes state on each occasion. They are required to be in relax sitting position and given 10 seconds break 
between experiments (Abdul Rashid, 2010; Abdul Rashid, 2011). 
  
 
2.4  The Asymmetry Relation Ratio formula (ARR) 
 
The ARR was commonly used to determine brain asymmetry (Mohd. Aris et al., 2010b; Abdul Rashid et al., 
2011).  ARR is calculated using the equation :  
 
ARR = (PL – PR) / (PL + PR)  -------------------------------------------------- (1) 
where, PL = Left EEG band power and PR = Right EEG band power. 
In this study, ARR will be used to calculate the participants’ EEG Alpha asymmetry.  The positive value of ARR 
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will indicate Left Hemisphere (LFH) dominant and negative value shows Right Hemisphere (RFH) dominant. 
Finally,  the ARR  result will be used to classify the LS and also to ascertain which LS is prone to Stress.  
 
2.5 Data Analysis 
 
Statistical analysis was conducted using SPSS 16.  The Two Step Cluster Analysis had been utilized mainly for 
classification purposes. This approach was traditionally used to cluster objects, on which a mixed attributes of 
dataset are treated. During this process, the LS is set as the categorical variables while the EEG Alpha value are fix 
as continuous variable.  The cluster index is specified to four reflecting the LS groups. On the other hand, Multiple 
Analysis of Variance (MANOVA) was used to select the best predictor among the EEG Alpha variables as to 
ascertain the LS with highest IQ.  As for the KLSI, after the Google Docs sheet is downloaded from the server 
database to the local disk, Microsoft Excel was used to determine the participants’ LS.  The frequency and 
descriptive statistics such as mean and deviation also be used to complete the analysis (Abdul Rashid et al.,  2010; 
Abdul Rashid et al., 2011).  
 
 
3.  Results and Discussion 
 
3.1 Learner classification using KLSI  
 
The KLSI had been successfully deployed to the participants (n=80) using an on-line form of Google Docs. The 
result revealed that all LS had been each represented by equal number of participants.  The result and descriptive 
information regarding KLSI deployment is depicted by Table 1. 
 
Table 1.  Learning style classification using KLSI and descriptive information 
Items  Count Mean 
Gender Male 30 - 
Female 50 - 
Age  - 22.85 
Learning Style Diverger 20 - 
Assimilator 20 - 
Converger 20 - 
Accommodator 20 - 
 
3.2 LS classification and IQ 
 
As being explained in the Introduction section, The EEG Alpha band dataset of each participants according to 
their respective LS was selected for the classification.  The dataset is consist of 320 rows of data [4 (LS) x 20 
(participant per group) x 4 (Alpha Left Open Eyes + Alpha Left Close Eyes + Alpha Right Open Eyes + Alpha 
Right Close Eyes)].  The dataset is simulated as multiple fixed-factor variables (4 LS) by multiple dependent 
variables (Alpha ESD values).  For this reason, MANOVA was used to determine the best predictor among the 
dependent variables.  Significance value of 0.05 was set during the test.  Table 2 and Table 3 were obtained after 
MANOVA testing.  
 
Table 2.  Multivariate Tests from MANOVA 
Effect  Value F Hypothesis df Error df Sig. 
 
LS 
 
Wilks' Lambda 
 
.656 
 
2.780 
 
12.000 
 
193.431 
 
.002 
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Table 3.  Tests of Between-Subjects Effects from MANOVA 
Source Dependent Variable 
Type III Sum of 
Squares df Mean Square F Sig. 
LS Open eyes Alpha Left 222596.503 3 74198.834 2.181 .097 
 Open eyes Alpha Right 123015.512 3 41005.171 .849 .472 
 Close eyes Alpha Left 512131.946 3 170710.649 3.286 .025 
 Close eyes Alpha Right 152449.366 3 50816.455 .952 .420 
       
       
In Table 2,  MANOVA revealed a significant multivariate main effect for LS,  :LONV¶Ȝ )193.431) = 
2.780, p <. 0.05, this is an evidence that EEG Alpha dataset is significant as a multivariate main effect for LS. The 
vectors of means for the four Alpha variables are different among LS.  In short, MANOVA testing was good to 
proceed.  Given the significance of the overall test, the univariate main effects were examined as depicted in Table 
3.  Significant univariate main effects for LS was Close Eyes Alpha Left, F (3, 76 ) = 3.286, p < 0.05 
The MANOVA testing had ascertained that EEG Alpha Left band in Close Eyes state was the best predictor for 
LS classification and it was proven by the 100%  result of Two Steps Cluster Analysis output as shown in Table 4.  
Based on Table 4, Diverger is classified into Cluster 3, Assimilator in Cluster 4, Converger in Cluster 1 and 
Accommodator in Cluster 2.  Meanwhile the LS with highest IQ could be determined by comparing the lowest mean 
among them.   
The mean value of Close Eyes Alpha Left for each LS were plotted as in Figure 2.  The lowest mean value is 
belong to Diverger, followed by Converger, Assimilator and Accommodator. 
 
Table 4.   LS classification using Close Eyes Alpha Left 
Dot/Lines show Means
Diverger Assimi la tor Converger Accomodator
4 type of Learning Style according to Kolb's LSI
150.00
200.00
250.00
300.00
350.00
C
lo
se
 e
ye
s 
Al
ph
a 
Le
ft
6
6
6
6
149.96
249.41
208.04
368.26
n=80
 
Fig. 2.  Mean value of  Close Eyes Alpha Left for each LS 
 
LS Diverger Assimilator Converger Accommodator 
Cluster Count Percent Count Percent Count Percent Count Percent 
 1 0 .0% 0 .0% 20 100.0% 0 .0% 
 2 0 .0% 0 .0% 0 .0% 20 100.0%
 3 20 100.0% 0 .0% 0 .0% 0 .0% 
 4 0 .0% 20 100.0% 0 .0% 0 .0% 
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3.3 LS classification and Stress 
 
Once again, EEG Alpha band dataset was chosen for this classification.   To correlate between the LS and Stress, 
the ARR formula was used to calculate the EEG Alpha asymmetry.  After ARR calculation, the dataset was reduced 
to 160 rows [4 (LS) x 20 (participant per group) x 2 (Alpha asymmetry Open Eyes + Alpha asymmetry Close 
Eyes)].   The Two Step Cluster Analysis was used for classification.  Two important outputs generated from the 
analysis were Centroids table (with Mean and Standard deviation values) and Classification table.  The testing was 
done in three-folds using Alpha Asymmetry Open Eyes dataset (See Table 5 and 6), Alpha Asymmetry Close Eyes 
dataset (See Table 7 and 8) and combination of both states (See Table 9 and 10).   
 
Table 5.  Centroids value of  Alpha band asymmetry in Open Eyes state. 
 
Alpha Open Eyes ARR 
Mean Std. Deviation 
Cluster 1 -.0206 .11931 
2 .0281 .10591 
3 .0666 .33245 
4 -.1171 .33679 
 
 
Table 6.  Classification of LS by cluster (ARR Alpha band Open Eyes) 
 
 
Table 7.  Centroids value of  Alpha band asymmetry in Close Eyes state 
  
Alpha Close Eyes ARR 
Mean Std. Deviation 
Cluster 1 -.1245 .36056 
2 -.4491 .32633 
3 .2204 .25264 
4 .0951 .26158 
 
 
 
Table 8.  Classification of LS by cluster (ARR Alpha band Close Eyes) 
   
LS Diverger Assimilator Converger Accommodator 
Cluster Count Percent Count Percent Count Percent Count Percent 
 1 20 100.0% 0 .0% 0 .0% 0 .0% 
 2 0 .0% 0 .0% 20 100.0% 0 .0% 
 3 0 .0% 20 100.0% 0 .0% 0 .0% 
 4 0 .0% 0 .0% 0 .0% 20 100.0% 
LS Diverger Assimilator Converger Accommodator 
Cluster Count Percent Count Percent Count Percent Count Percent 
 1 20 100.0% 0 .0% 0 .0% 0 .0% 
 2 0 .0% 0 .0% 0 .0% 20 100.0% 
 3 0 .0% 20 100.0% 0 .0% 0 .0% 
 4 0 .0% 0 .0% 20 100.0% 0 .0% 
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Table 9.  Centroids value of  Alpha band asymmetry in Open Eyes and Close Eyes state 
  
Alpha Open Eyes ARR Alpha Close Eyes ARR 
Mean Std. Deviation Mean Std. Deviation 
Cluster 1 -.0206 .11931 -.1245 .36056 
2 -.1171 .33679 -.4491 .32633 
3 .0666 .33245 .2204 .25264 
4 .0281 .10591 .0951 .26158 
 
 
Table 10.  Classification of LS by cluster (ARR Alpha band Open & Close Eyes) 
LS Diverger Assimilator Converger Accommodator 
Cluster Count Percent Count Percent Count Percent Count Percent 
 1 20 100.0% 0 .0% 0 .0% 0 .0% 
2 0 .0% 0 .0% 20 100.0% 0 .0% 
3 0 .0% 20 100.0% 0 .0% 0 .0% 
4 0 .0% 0 .0% 0 .0% 20 100.0% 
 
For all the Centriods tables (See Table 5, 7 and 9), the focus was on the cluster with negative Mean value which 
indicate the Right Hemisphere dominant. Generally, all the Centriods tables had two clusters that met the condition.  
For Table 5, the cluster are Cluster 1 and Cluster 4, whereas in Table 7 and Table 9,  the cluster are Cluster 1 and 
Cluster 2.  Subsequently, the corresponding Classification tables (See Table 6, 8, 10) specified which LS resided in 
the suggested cluster.  The results summary is shown  in Table 11. 
 
Table 11.  Summary of Cluster with  negative Centriod’s Mean value and the corresponding LS. 
 
Table 11 indicated that across the testing states, Diverger and Converger were found in the cluster with negative 
mean Centroid value.  As such learners with these LS were right hemispheric (RFA) dominant.   The result indicated 
that these Diverger and Converger are prone to Stress.  
 
4.  Conclusion 
The participants had been grouped successfully into their corresponding LS using both KLSI and EEG. The 
result shown in Table 4 exhibits that 100% classification had been achieved for all LS.  As for LS and IQ, 
MANOVA testing had resulted on the establishment of predictor variables which is the Alpha Left band in close 
eyes state.  As being pointed in the literature, the lowest mean power of Alpha could relate to the highest IQ.  In 
Figure 2, the mean value of Alpha Left bands in closed eyes for all LS had been plotted and Diverger explicitly 
detected with the lowest mean. 
 
State Cluster  LS 
Alpha Open Eyes ARR 1 Diverger 
 4 Converger 
   
Alpha Close Eyes ARR 1 Diverger 
 2 Converger 
   
Alpha Open Eyes ARR + Alpha Close Eyes ARR 1 Diverger 
 2 Converger 
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EEG Alpha band was also selected as the testing band to investigate the LS that prone to Stress.  The ARR 
formula had been used to determine the hemispheric characteristics of each LS.  The LS that categorized with RFA 
(negative Centroid’s mean value) is considered in a Stress group.  Table 6, 8 and 10 indicated that 100% 
classification had been achieved using EEG Alpha band asymmetry values that obtained from ARR. Ultimately,   
Table 11 shows that Diverger and Converger were LS that prone to Stress.  
In conclusion, four major results had been observed in this study which are The LS of the participants (n=80) had 
been successfully grouped using the KLSI and 100% classified using the corresponding EEG dataset. The Diverger 
is the LS with highest IQ while Diverger and Converger are the LS that prone to Stress.  
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